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Objective. To predict the likelihood of reaching minimum
clinically important differences in patient-reported outcomes
after ASD surgery.

Summary of Background Data. ASD surgeries are costly
procedures that do not always provide the desired benefit. In
some series only 50% of patients achieve minimum clinically
important differences in patient-reported outcomes (PROs).
Predictive modeling may be useful in shared-decision making
and surgical planning processes. The goal of this study was to
model the probability of achieving minimum clinically important
differences change in PROs at 1 and 2 years after surgery.
Methods. Two prospective observational ASD cohorts were
queried. Patients with Scoliosis Research Society-22, Oswestry
Disability Index , and Short Form-36 data at preoperative
baseline and at 1 and 2 years after surgery were included.
Seventy-five variables were used in the training of the models
including demographics, baseline PROs, and modifiable surgical
parameters. Eight predictive algorithms were trained at four-time
horizons: preoperative or postoperative baseline to 1 year and
preoperative or postoperative baseline to 2 vyears. External
validation was accomplished via an 80%/20% random split.
Five-fold cross validation within the training sample was
performed. Precision was measured as the mean average error
(MAE) and R? values.

Results. Five hundred seventy patients were included in the
analysis. Models with the lowest MAE were selected; R values
ranged from 20% to 45% and MAE ranged from 8% to 15%
depending upon the predicted outcome. Patients with worse
preoperative baseline PROs achieved the greatest mean
improvements. Surgeon and site were not important components
of the models, explaining little variance in the predicted 1- and
2-year PROs.

August 2019

Copyright © 2019 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.


mailto:miquel.serrab@upf.edu

Spine DEFORMITY

ASD Surgery MCID Prediction e Ames et al

Conclusion. We present an accurate and consistent way of
predicting the probability for achieving clinically relevant
improvement after ASD surgery in the largest-to-date prospective
operative multicenter cohort with 2-year follow-up. This study
has significant clinical implications for shared decision making,
surgical planning, and postoperative counseling.

Key words: adult spinal deformity surgery, MCID, predictive
modeling, prognosis, shared decision-making.

Level of Evidence: 4
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budget constraints, there is demand for providing value

in care."” Adult spinal deformity (ASD) surgeries are
costly and are associated with high complication rates and a
frequent need for unanticipated reoperations, which further
increase cost, making delivery of value-based care challeng-
ing. Analyses of cost-drivers in ASD surgery have found
surgical techniques and instrumentation are among the
potentially modifiable factors associated with increased cost
of care. As value-driven healthcare evolves in ASD surgery,
identification of other potentially modifiable factors is nec-
essary to optimize care for the individual, including surgical
techniques and approaches.

Patient-reported outcomes (PROs) tools are the common
measure of outcome in value-driven health care. PRO
instruments range from general measures of health, such
as the Short-Form 36 (SF-36) to disease-specific measures,
such as the Oswestry Disability Index (ODI) for lumbar
disease and the Scoliosis Research Society-22r (SRS-22r)
questionnaire for spinal deformity. The SRS-22r instrument
is a composite of pain, self-image, function, and mental
health domains; domains deemed most relevant to ASD
patients. Historically, radiographic characteristics, specifi-
cally those related to sagittal plane alignment, have been the
target for maximizing outcome improvement.’> PROs are an
subjective measure of health and patient expectations may
be reflected in the reported scores and are not immune to
well-documented bias such as anchoring.*® Not surpris-
ingly, self-image and mental health are associated with
dissatisfaction and detrimental change in ASD, indicating
a need for improved understanding of patient-level factors
associated with outcomes improvement.®’ The minimal
clinically important difference (MCID) is proposed as a
threshold for surgical success, as it is the smallest change
in a PRO measure deemed important to patients.®

Predictive modeling is a critical component of supply
chain methodology in essentially all areas of consumerism.
In a value-driven healthcare economy, delivery of medical
care may be viewed from a similar perspective. Analytic
techniques for modeling of large datasets in healthcare offer
the opportunity to identify high-risk and high-cost patients,
where high-risk includes those patients susceptible to failure
with respect to PROs in the setting of appropriate alignment
targets.® In some series of ASD surgeries, only 50% of
patients improved beyond the MCID threshold, indicating

I n an era of increasing healthcare costs and progressive

Spine

the need for predictive modeling to identify those likely to
benefit from surgery.”'® Long-standing multicenter regis-
tries of ASD patients offer a unique opportunity for the
application of predictive analytics to model PROs after
surgery. The purpose of this study was to develop predictive
models of patient-reported clinical improvement and the
likelihood of that improvement meeting or exceeding the
MCID for the commonly utilized PROs in ASD surgery.

MATERIALS AND METHODS

Patient Population

Two independent, prospective multicenter ASD registries
were merged. Inclusion criteria were: age >18 years, plan
for surgical treatment, and available 2-year follow-up. ASD
was defined by the presence of at least one of the following:
scoliosis >20°, sagittal vertical axis (SVA) >5 cm, pelvic tilt
>25°, or thoracic kyphosis >60°. Institutional Review
Board approval was obtained at all sites (11 in the United
States, 2 in Spain, 2 in Turkey, 1 in France, and 1 in
Switzerland). Enrollment began the 16th of September
2008 in the United States and the 27th of July 2009
in Europe.

Modeling Predictors

Standard demographic variables included patient age, sex,
height, weight, and number of previous spine surgeries. Full-
length free-standing antero-posterior and lateral spine
radiographs were analyzed using validated software (Spine-
view, ENSAM Laboratory of Biomechanics, Paris)'' for
assessment of radiographic parameters. Radiographic mea-
sures were performed at central locations using standard
techniques.'* Radiographic measurements included stan-
dard measures of ASD including C7 SVA, pelvic incidence,
and pelvic incidence lumbar lordosis mismatch.

PROs included the ODIL"? SRS22r,'* and the Optum SF-
36v2 Health Survey.'”> The ODI consists of 10 questions,
scored from 0 to 100, where 100 indicates the worst dis-
ability possible. For the purpose of our study, ODI was
inverted so that higher scores indicate better health to gain
comparability with other instruments. The SRS-22r is a
disease-specific (spine deformity) instrument, scored on a
scale from 1 to 5, where § indicates perfect health. It is
comprised of a summary score and four health domains:
pain, self-image, function, and mental health, as well as a
satisfaction score. The SF-36vs provides Physical Compo-
nent Summary (PCS) and Mental Component Summary
(MCS) scores, where a higher score indicates better health.
PRO data were collected at baseline, 1 and 2 years postop-
eratively.

Surgical data collected included surgical approach, num-
ber of vertebral levels from the upper-most instrumented
vertebrae to the lower-most instrumented vertebrae, use of
pelvic fixation, operative time and estimated blood loss. In
addition, use of interbody fusion was collected and whether
it was performed as a transforaminal lumbar interbody
fusion or anterior lumbar interbody fusion. Osteotomies
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were collected, including Smith-Peterson osteotomies,
pedicle subtraction osteotomies, and vertebral column
resections.

Minimal Clinically Important Difference

MCID values for the SRS-22r instrument have been pro-
posed by Crawford et al'® from a separate and distinct
registry: Activity 0.6, Pain 0.4, Self-Image 1.2, Subscore
0.4. ODI, and SF-36 PCS MCID values were obtained from
lumbar spine disease studies: ODI 13, SF-36 PCS 4.9.8 PROs
are, however, subject to measurement error.'” 2 Thus, we
estimated a 10% measurement error to account for inaccu-
racy in MCID likelihood estimates.

Statistical Analysis

In total, 75 variables were used in the training of the
regression models. Eight PRO domains (ODI, SRS-22r
Function/Mental Health/Pain/Self-Image/Subscore, SF-
36 PCS/MCS) served as the outcomes of interest at 1
and 2 years postoperatively. For baseline time horizons,
both preoperative and immediate postoperative models
were fitted. Time horizons of baseline to 1 year and
baseline to 2 years trained eight separate PRO prediction
models, providing 32 predictions per patient. Figure 1
presents the basic flowchart of the time horizons. Eight
modeling algorithms were used: ordinary least squares,’
ordinary least squares with partitions,? elastic net,>’
gradient boosting machines,”* extreme gradient boosting
tree,” extreme gradient boosting linear,”® random for-
est,”” and generalized linear modeling.”® Thus, 256 mod-
els were created for each patient, predicting the change in
PROs over four-time horizons. Goodness of fit assessed
accuracy for each model by the root mean squared error
and mean average error (MAE). Model selection was
based on the minimization of MAE for each time-horizon,
with 32 models selected (a model for each time horizon
and each PRO). Standard errors were computed with in-
sample variance. External validation for training and
testing was performed with 80%/20% test sets. The

preOp Baseline —1 year

postOp Baseline —1 year

PostOp

predicted change in PROs from baseline was compared
against MCID for each PRO outcome. Values meeting or
exceeding (change in PRO—MCID > 0) were considered
surgical success. The confidence intervals of each predic-
tion were used to assess the likelihood of both an
improvement over the null and an improvement over
the defined MCID values. Supplementary Table 1,
http://links.lww.com/BRS/B421 presents a detailed TRI-
POD?*? assessment of the modelling.

RESULTS

Of 1612 patients, 570 (35.5%) met inclusion criteria, with
743 (46.1%) excluded since they were not yet eligible for 2-
year follow-up due to on-going database enrollment. Table 1
presents the main descriptive statistics for assessed patient
parameters, including demographics, radiographic measures,
and PROs. The mean patient age was 56.8 years, and women
represented 78.8% of the patients. Kernel density plots for
PROs at baseline, 1 year, and 2 years are shown in Figure 2.
The rightward shift from baseline to 1 and 2 years indicates
improvement in PROs after surgery. The general overlap of 1-
year and 2-year values indicates reasonably static PROs
between these time points (Table 2).

Final models for each time horizon and PRO were chosen
based on goodness of fit, as assessed by the MAE. Goodness of
fit/accuracy was considered excellent with MAE less than or
equal to MCID for all PRO models. Measures of precision for
the models are found in Figures 3 and 4. Models for ODI
change were most precise, while SRS-22r pain was least precise
between baseline and 1-year and 2-year follow-ups. For the 32-
models, the average variable importance is shown in Table 3.
Baseline PROs were most important for predicting final PRO
values. Age at baseline was the most important objective,
patient-level variable. Hypertension, arthritis, and depression
were the comorbid conditions of primary importance in the
models. Major coronal Cobb measurement was among the
least important variable in overall model prediction.

Considering a 10% measurement error, a maximum R?
value of 0.81 is expected. Our estimates reflect a range of

preOp Baseline —2 years

postOp Baseline —2 years

lg——————————

v

Baseline

1 Year

A 4

2 Years

Figure 1. Predictive modeling flowchart.
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Patient Parameters: Demographics, Radiographic Measures, and Patient-reported

Outcomes Scores for 570 Adult Spinal Deformity Patients

Variable Mean or % SD Median Min Max SE
Preoperative baseline
Sex (% women) 79 1.7
Height (cm) 162.55 9.61 162 104.5 195.6 0.4
Weight (kg) 70.31 16.03 68 40 158.8 0.67
Age (yr) 56.75 16.32 59.93 18.05 86.42 0.68
Sagittal alignment (SVA, cm) 55.64 69.55 44.89 —83.73 314.09 2.91
Coronal alignment (GCA, cm) 31.24 31.4 23.86 0 288.95 1.32
Major curve Cobb angle (%) 40.27 21 38.4 0 123.7 0.88
Pelvic tilt (°) 23.28 11.03 23.39 —12.66 67.9 0.46
Inverse ODI score” 57.55 18.89 56 8 100 0.79
SRS-22r function score 2.98 0.88 3 1 5 0.04
SRS-22r mental health score 3.31 0.93 3.25 1 5 0.04
SRS-22r pain score 2.49 0.88 2.4 1 5 0.04
SRS-22r self-image score 2.43 0.73 2.4 1 4.6 0.03
SRS-22r subtotal score 2.8 0.66 2.82 1.09 4.5 0.03
SF36v2 MCS score 44.53 13.19 45.62 10.59 73.53 0.55
SF36v2 PCS score 33.38 9.85 32.29 8.65 63.58 0.41
1-yr postoperative
Sagittal alignment (SVA, cm) 23.83 51.38 18.99 —114.08 181.03 2.15
Coronal alignment (GCA, cm) 4.98 30.23 8.66 —162.17 113.25 1.27
Major curve Cobb angle (%) 9.09 23.43 10.96 —77.5 100.2 0.98
Pelvic tilt (°) 20.83 9.6 20.79 —15.29 61.13 0.4
Inverse ODI score” 72.44 18.94 74.78 16 100 0.79
SRS-22r function score 3.5 0.9 3.6 1 5 0.04
SRS-22r mental health score 3.75 0.88 4 1 5 0.04
SRS-22r pain score 3.45 0.96 3.6 1 5 0.04
SRS-22r self-image score 3.64 0.86 3.6 1 5 0.04
SRS-22r subtotal score 3.63 0.74 3.73 1.14 5 0.03
SF36v2 MCS score 49.34 12.32 52.58 10.48 73.95 0.52
SF36v2 PCS score 40.98 10.03 41.42 11.47 66.45 0.42
2-yr postoperative
Sagittal alignment (SVA, mm) 30.36 54.23 24.54 —109.2 237.1 2.34
Coronal alignment (GCA, mm) 23.37 19.57 18.18 0 114.8 1.34
Major curve Cobb angle (°) 20.59 16.35 17 0 94.5 0.87
Pelvic tilt (°) 20.87 10.11 21 —6.3 61.87 0.45
Inverse ODI score” 72.51 19.98 76 17.78 100 0.84
SRS-22r function score 3.53 0.95 3.6 1.2 5 0.04
SRS-22r mental health score 3.72 0.92 3.8 1 5 0.04
SRS-22r pain score 3.44 1.06 3.6 1 5 0.04
SRS-22r self-image score 3.57 0.91 3.6 1 5 0.04
SRS-22r subtotal score 3.6 0.81 3.68 1.23 5 0.03
SF36v2 MCS score 48.57 12.43 51.33 7.32 70.87 0.52
SF36v2 PCS score 40.95 11.06 41.12 13.01 71.61 0.46
“For the purposes of computational analyses, ODI scores are presented as inverse values, with scores of 0 and 100 reflecting the most and least degrees of
disability, respectively.
GCA indicates global coronal alignment; MCS, mental component score; ODI, Oswestry disability index; PCS, physical component score; SD, standard
deviation; SE, standard error, SVA, C7-S1 sagittal vertical axis; SRS, Scoliosis Research Society.

24.7% to 69.1% in relative precision depending upon
time horizon and outcome of interest. S2 supplementary
material Table 1, http://links.Iww.com/BRS/B421
presents additional descriptive statistics and robustness

checks.
Spine

Simulation Study

Table 4 presents the probabilities for overall improve-
ment in PROs and improvement that meets or exceeds
PRO MCID for a hypothetical patient: a 60-year-old
woman with one prior spine surgery, no comorbidities,
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Figure 2. Kernel density plots for patient-reported outcomes scores at baseline and at 1-year and 2-year follow-ups.

employed, 168cm tall, 64kg, C7SVA +72mm, 12°
major Cobb, 31° pelvic tilt. The hypothetical surgery
is a 10-level, all-posterior surgery with a single pedicle
subtraction osteotomies, iliac instrumentation, and no
interbody fusions.
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DISCUSSION

Predictive analytics are employed in many fields where large
datasets are available. Maturation of two large, observa-
tional cohorts now makes these types of analyses possible
for ASD. In a value-driven healthcare system, predictive
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Surgical Parameters for 570 Adult Spinal Deformity Patients

Variable Mean or % SD Median Min Max SE
Previous spine surgery (%) 41.6 2
Any major complication (%) 36.2 2
Total surgical time (min) 345.74 134.47 342 43 802 5.63
Estimated blood loss (cc) 1660.16 1465.51 1300 20 12,200 61.38
Number of fused vertebral levels 10.7 4.21 10 0 23 0.18
Use of pelvic fixation (%) 59.5 2
Use of interbody fusion (%) 54.4 2
Use of Smith-Petersen osteotomy (%) 50.0 2
Use of 3-column osteotomy (%) 20.8 1.7
Length of hospitalization (days) 8.88 6.49 7 0 83 0.27
SD indicates standard deviation; SE, standard error.

analytics will be invaluable as they may assist with identifi-
cation of patients at high risk for complications and surgical
failures. As value is often defined as changes in PROs
divided by the cost of care, it will be necessary to identify
patients optimized for success from a PRO perspective.
Similarly, it will be necessary to identify those patients at
risk for PRO failure and to at least optimize these patients by
identifying the patient-level variables that may be modified
to improve outcomes. Finally, surgical plans developed
using predictive models in concert with baseline patient
data will offer the opportunity for customized care in ASD.

The purpose of this study was to use two large, observa-
tional cohort studies of ASD patients treated with surgery to
develop prediction models for surgical success, where suc-
cess was defined as a PRO change meeting or exceeding the
MCID for the SF-36v2, ODI, or SRS-22r. The prediction
models were created using eight modeling methods to iden-
tify the most accurate estimate for each outcome of interest
with four distinct time horizons. The composite of these
models created a prediction tool for each patient. We found
that baseline PROs are the most important component of
predicting change in PROs and, thus, success from this
perspective. Age is the most important nonmodifiable
patient-level characteristic in the prediction tool. There
are important points illustrated in the simulation case,
where a delay to surgery accompanied by a decline in
PRO does not necessarily negatively affect the likelihood
of achieving a clinically relevant PRO improvement. Future
work should include efforts to define the floor and ceiling
effects of surgery, as there may be an optimal point of
intervention to maximize outcomes and minimize any det-
rimental effects of surgery, such as decline in function due to
a multilevel fusion.

Despite the frequent attention paid to sagittal plane
alignment and correction, postoperative alignment was
not an important component of the final model. This war-
rants further investigation, given our emerging understand-
ing of age-adjusted alignment goals, lumbopelvic harmony,
and the subjective nature of PRO.**~3* Not surprisingly,
comorbid conditions associated with other health-related
quality of life complaints such as hypertension and arthritis

Spine

were important in the model, though less so than baseline
PROs. This has multiple implications for PRO selection and
model selection. For example, a disease-specific instrument,
such as the SRS-22r, may not capture disability due to hip
arthritis, while a general measure of health, such as the SF-
36v2, may be sensitive to the detrimental change associated
with osteoarthritis of the hip. An aging patient with hip
osteoarthritis may be predicted to do poorly if the primary
outcome is SF-36 PCS, while the SRS-22r may predict a
successful outcome due to different PRO perspective. This
emphasizes the fact that patient expectations should be
discussed and defined in customized care.

Numerous prior studies in ASD surgery have investi-
gated factors associated with good outcomes.**~*® Factors
associated with worse outcomes are often termed
“predictors” or “risk factors” when they are merely
associations. These associations are determined from mul-
tivariable regression analyses, which allow for control of
other variables within the regression models. Interpreta-
tion of these results may be difficult as they are usually
presented as odds ratios or relative risks, which require
comprehension of the risk within the reference group.?’
Furthermore, interpretation of any single variable is not a
situation surgeons face in the multifactorial decision-mak-
ing process. That is, the risk estimated is conditional upon
other variables included in the model and their values.
Finally, the number of data points available limits the
number of covariates within models. In many cases, mod-
els are limited to a finite number of covariates due to small
enrollment numbers and, thus, few covariates are included
and controlled, limiting clinical applicability. As seen
here, the relative lack of importance of frequently empha-
sized patient demographic data, such as depression,
weight, and amount of sagittal plane malalignment,
strengthens the argument for the use of complex multi-
variable prediction models.

Prediction algorithms have been explored in other fields
of medicine, with outcome variables ranging from supply
chain needs to complications related to care.**~*® Limita-
tions of these algorithms come from the data that creates
them and subsequent iterations of these models, including
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ours, will follow as more data are added to the system. The
limitations are most profound when estimating risk for
complications or some deleterious outcome, due to individ-
ual characteristics of any single patient, surgeon, and sur-
gery. The addition of models, such as these, in an effort to
identify those likely to benefit from an intervention may be a
critical step in providing evidence-based care in the future.
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Figure 3. Test set precision of patient-
reported outcomes measured with esti-
mates at four-time horizons, including
with the baseline set as either the preoper-
ative time point or immediately following
surgery.

The number of patients enrolled in these two registries may
appear low, though one must consider both the quantity and
quality of data provided. The 570 patients studied contrib-
uted many thousands of data points, all collected prospec-
tively into databases designed for clinical research. “Big
data” in medicine often means analysis of administrative
databases, not designed for clinical research and missing
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Figure 4. Test set precision of the SRS-22r
scores with estimates at four time hori-
zons, including with the baseline set as
either the preoperative time point or
immediately following surgery.

essential data to improve the external validity of the find-
ings. We feel confident that our combined dataset offers a
broad exposure to ASD patients seeking surgical treatment
and offers good external validity. This is supported by the
low importance of the specific of surgeon in our models.

Spine
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Modeling of subjective data, such as PROs, can be difficult
due to unmeasurable data which may affect patient report-
ing. However, as PROs are a necessary feature of value-
driven healthcare, we feel it is important to include them for
these analyses.
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A Praoe » . a ] “10][4 DO . a

D atio 0 P operative

Patie eported O 0
Names Importance
SRS22 subtotal score baseline 12.57%
ODI score baseline 10.32%
SF36v2 MCS score baseline 9.26%
SRS22 MH score baseline 8.31%
SF36v2 PCS score baseline 7.74%
SRS22 function score baseline 7.33%
SRS22 pain score baseline 5.73%
SRS22 Sl score baseline 3.82%
Age baseline 4.44%
Level of physical labor null 3.23%
Prior spine surgery yes 3.11%
Pelvic tilt baseline 2.45%
Hypertension baseline 2.35%
Arthritis baseline yes 2.31%
Fused vertebrae 2.26%
Height cm baseline 2.26%
Sagittal balance baseline 2.25%
Number of levels between UIV and LIV 2.22%
Major curve Cobb angle baseline 2.12%
Depression baseline yes 2.00%
Weight kg baseline 1.97%
SPOs 1.95%

importance measure: mean decrease in node impurity.

Society; UIV, upper-most instrumented vertebra.

Only the average top 22 predictors are included in the table. Relative

LIV indicates lower-most instrumented vertebra; MCS, mental component
summary; ODI, Oswestry disability index; PCS, physical component
summary; SPOs, Smith-Petersen Osteotomies; SRS, Scoliosis Research

CONCLUSION

Customized ASD care is a concept in its infancy. Substantial
efforts have worked toward defining appropriate alignment
in ASD and have led to the development of custom implants
and surgical plans. To refine customized care in ASD,
prediction models are needed to improve the shared deci-
sion-making process and to aid surgeons in surgical plan-
ning. Predictive models to estimate change in PROs,
likelihood of complications, and costs of care are all needed
to maximize the likelihood of success in a value-driven
healthcare system. We have shown here that models can
be created to accurately predict the likelihood of achieving a
change equal to or greater than the MCID for three com-
monly used PRO instruments in ASD. This is the first step in
a long-range goal of providing patients and surgeons with
tools to be used real time in the clinic to improve individual
and overall clinical outcomes in ASD surgery.

> Key Points

QO A predictive model on the likelihood of overall and
over MCID improvement following ASD surgery
was developed and tested with the most used
HRQoL instruments.

QO A total of 570 patients with 2-year follow-up were
included, 80% of the sample was used for training
and the other 20% was used for testing.

O Goodness of fit measured in the test sample was
between 20% and 45%, indicating a successful fit.

Probabilities of Overall Improvement and Improvement Meeting or Exceeding MCID for

ODI, SRS-22r, and SF-36 PCS/MCS

10% Waiting | Waiting
Improve | 5 yr Withl 10 yr
Depres- | in Physi-| a Reduc-| With a Number | Range of
Baseline | sion and cal tion of | Reduction| Postop | Postop | Postop | of Levels| Variation
HRQL Baseline | Probabili{ Hyper- | HRQL 10% of 20% | SVA O | SVA 50 SVA From 10| Across
Instrument Score ties tension | Scores HRQL HRQL mm mm 100mm to 15 Options
(1) Overall improvement ODI 68 54.4% 55.1% 43.5% 67.6% 72.6% 54.4% 54.4% 54.4% 54.4% 29.1%
(2) Improvement over MCID | ODI 68 38.4% 39.1% 28.4% 52.0% 57.7% 38.4% 38.4% 38.4% 38.4% 29.3%
(1) Overall improvement SRS22 function 3.2 65.0% 66.1% 51.4% 76.4% 83.5% 65.0% 65.0% 65.0% 65.0% 32.1%
(2) Improvement over MCID | SRS function 3.2 35.4% 36.5% 23.4% 48.3% 58.4% 35.4% 35.4% 35.4% 35.4% 35.0%
(1) Overall improvement SRS22 MH 2.4 80.6% 80.6% 82.0% 86.0% 90.3% 80.6% 80.6% 80.6% 78.6% 11.7%
(2) Improvement over MCID | SRS22 MH 2.4 64.7% 64.7% 66.6% 72.4% 79.2% 64.7% 64.7% 64.7% 62.0% 17.2%
(1) Overall improvement SRS22 pain 2 61.4% 63.7% 67.1% 76.2% 82.6% 61.4% 61.4% 61.4% 62.2% [ 21.2%
(2) Improvement over MCID | SRS22 pain 2 46.2% 48.6% 52.3% 62.9% 71.0% 46.2% 46.2% 46.2% 47.0% 24.8%
(1) Overall improvement SRS22 Sl 2.4 81.5% 81.5% 83.7% 84.3% 86.9% 81.5% 81.5% 81.5% 81.5% 5.4%
(2) Improvement over MCID | SRS22 SI 2.4 34.6% 34.6% 37.8% 38.8% 43.3% 34.6% 34.6% 34.6% 34.6% 8.7%
(1) Overall improvement SRS22 subtotal 2.38 69.8% 72.1% 74.7% 84.8% 91.7% 69.8% 69.8% 69.8% 70.7% 21.9%
(2) Improvement over MCID | SRS22 subtotal 2.38 45.8% 48.4% 51.7% 65.6% 77.7% 45.8% 45.8% 45.8% 46.8% 31.9%
(1) Overall improvement SF36v2 MCS 22.18 95.6% 95.4% 95.6% 97.0% 98.0% 95.6% 95.6% 95.6% 95.6% 2.6%
(2) Improvement over MCID | SF36v2 MCS 22.18 81.5% 81.0% 81.5% 85.9% 89.5% 81.5% 81.5% 81.5% 81.5% 8.5%
(1) Overall improvement SF36v2 PCS 39.66 44.3% 45.3% 34.6% 60.4% 63.4% 44.3% 44.3% 44.3% 43.5% 28.8%
(2) Improvement over MCID | SF36v2 PCS 39.66 17.4% 18.0% 11.6% 29.7% 32.4% 17.4% 17.4% 17.4% 16.9% 20.8%
Patient: Female with one prior spine surgery, with loss of balance, without comorbidities, employed, steady gait, 60 years old, 167.6 cm height, 63.9 kg
weight, 71.68 sagittal balance, 11.8° of major curve cobb angle, 30.59° pelvic tilt. Surgery: pelvic fixation, 7 fused vertebrae, posterior instrumentation, 1
PSOs, 0 SPOs, no PLIF, no TLIF, no ALIF, 10 levels between UIV and LIV and no interbody fusion.
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[ Patients with worse preoperative baseline PROs
were the most likely to achieve clinically
relevant improvements.

Supplemental digital content is available for this article.

Direct URL citations appearing in the printed text are
provided in the HTML and PDF version of this article on
the journal’s Web site (www.spinejournal.com).
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